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In this paper, we propose a novel force ﬁeld parameter optimization method based on LSSVR and
optimize the torsion energy parameters of ECEPP force ﬁeld. In this method force ﬁeld parameter
optimization problem is turned into a support vector regression problem. Protein samples for
regression model training are chosen from Protein Data Bank. The experiments show that the opti-
mized force-ﬁeld parameters make both a-helix and b-hairpin structures more consistent with the
experimental implications than the original parameters.
Crown Copyright  2011 Published by Elsevier B.V. on behalf of Federation of European Biochemical
society. All rights reserved.1. Introduction
Empirical all-atom force ﬁelds play an essential role in protein
structure prediction. A force ﬁeld is actually a potential energy
function consisting of certain energy terms with force-ﬁeld param-
eters. Up to present there have been several well-known force
ﬁelds for protein such as ECEPP, AMBER, CHARMM, GROMOS, OPLS
and others [1,2]. Although these force ﬁelds perform well for a
wide variety of proteins, there are still limitations in their accuracy.
For example, the accuracy of ECEPP is not high enough for model-
ing b and a/b proteins.
The quality of parameters of an empirical force ﬁeld is very
important to the performance of the force ﬁeld. In the past few
decades, there have been a plenty of attempts focused on better
parameterization of the existing potential functions. Wang et al.
[3] exploited molecular dynamics to optimize the parameters re-
lated to the main-chain of AMBER. Krieger et al. [4] optimized 37
parameters of AMBER force ﬁeld using a Monte Carlo search algo-
rithm. Sakaea and Okamoto [5] constructed sum-of-squares func-
tions (based on force ﬁeld potential functions) in relation to all
sample proteins chosen from the Protein Data Bank (PDB), then
utilized Simulated Annealing (SA) minimization to optimize a part
of parameters of force ﬁelds. Hunger and others [6,7] used Root
Mean Square Deviation (RMSD) between observed and calculatedd by Elsevier B.V. on behalf of Fedeatom positions as the ﬁtness value of Genetic Algorithm (GA), then
through the optimization procedure of GA to ﬁnd the ﬁttest param-
eters of force ﬁelds. Mostaghim et al. [8] applied Multi-Objective
Evolutionary Algorithms (MOEAs) and particularly Multi-Objective
Particle Swarm Optimization (MOPSO) to optimize parameters of
CHARMM. How to improve the accuracy of parameters is still an
important and useful direction to pursue. It is convinced that some
new methods would bring an unexpected surprise to this ﬁeld.
This paper proposes a novel parameter optimization method
based on LSSVR. On the premise that native structures in a force
ﬁeld with ideal parameters should be stable without any force act-
ing on each atom in the molecules, we put forward the math model
and the regression model based on LSSVR for optimization of tor-
sion energy parameters of ECEPP force ﬁeld. We calculated training
data from sample proteins chosen from PDB, then work out new
parameters through regression training.
2. ECEPP
Empirical Conformational Energy Program for Peptides (ECEPP)
[9–11] is one of the all-atom force ﬁelds for protein’s system. It was
developed in Scheraga’s laboratory. For reducing computation load,
all calculations in this paper correspond to the gas phase. In the fu-
ture, we will test the performance of our method with solvation in-
cluded. The most obvious distinction between ECEPP and other
force ﬁelds is that in ECEPP the bond lengths and bond angles
are ﬁxed, only dihedral angles of backbone and side-chain areration of European Biochemical society. All rights reserved.
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angles. The total energy E of a molecule is written as
E ¼ Etor þ EEC þ ELJ þ EHB ð1Þ
This is a complex function including atomic coordinates and a vari-
ety of parameters. Etor, EEC, ELJ and EHB represent the torsion-energy
term, electrostatic term, Lennard-Jones term, and hydrogen-bond
term, respectively. There are numerous parameters involved in
ECEPP. Initial parameters are determined by a combination of priori
calculations and minimization of the potential energies of the crys-
tal lattices of single amino acids. In this paper, because the number
of ECEPP force ﬁeld’s parameters is much larger than what can pos-
sibly be optimized, we only choose torsion energy parameters
which should be the last to be optimized in all parameters. The tor-
sion-energy terms are also the most problematic for most force
ﬁelds [5]. In the meanwhile, we keep the other parameters remain
unchanged.
The torsion energy term is described by the Fourier series
Etor ¼
X
torsions
Umð1 cosðn/ÞÞ ð2Þ
Here, the sum is taken over all dihedral angles /, n is the number of
waves, Um is the barrier height of the torsion angle which stands for
the level of difﬁculty for angle to revolve. There are 19 kinds of tor-
sion angles in ECEPP, so m = 1, . . .,19.
3. Mathematical model of ECEPP torsion energy parameters
optimization
According to the classical mechanical theory,
~f i ¼  @E
@~xl
ð3Þ
E is the total potential energy,~f i is the force acting on atom i. The
total force ~Fl acting on atom i can be deduced from Eqs. (1)–(3),
~Fl ¼
X19
m¼1
Um am
! þ~c ð4Þ
Here, Um am
!
is the derivative of Etor with respect to atomic coordi-
nates, ~c stands for the derivative of EEC + ELj + EHB with respect to
atomic coordinates.
For a protein molecule chosen from PDB, three-dimensional
coordinate of every atom is deﬁnite. So am
!
and~c can be calculated
from atomic coordinates and parameters except for Um. Then the
total force acting on atom i is a function of Um (m = 1, . . .,1 9).
If the parameters are ideal, then the protein molecule in this
force ﬁeld should be the most stable without any force acting on
each atom in the molecule,
j~Flj ¼ 0 ð5Þ
i = 1, . . .,M, M is the number of atoms in the protein molecule. Actu-
ally the total force cannot be zero. The best parameters should be
the ones that make j~Flj the minimum. So based on Eq. (4) the model
of ECEPP torsion energy parameters optimization is
y ¼ Ux ð6Þ
U = (U1, . . .,U19), x = (a1, . . .,a9)T, y = c. In search of the best param-
eters is searching for the best U for the function y, so as to make
Eq. (6) ﬁtting all sample data (x,c) well.
4. Parameter optimization based on LSSVR
Suykens provided Least Squares Support Vector Machine
(LSSVM) [12,13]. In regression problem, it is Least Squares Support
Vector Regression (LSSVR).4.1. LSSVR
Given a training data set of l points xi,yi (i = 1, . . ., l) with input
data xi 2 Rn and output data yi 2 R, the optimization problem in pri-
mal weight space is:
min
1
2
wTwþ c
Xl
i¼1
n2i
Subject to the equality constraints
yi ¼ wTxi þ bþ ni ð7Þ
Here i = 1, . . ., l, w is weight vector in primal weight space, ni is error
variables and c is the positive real constant which determines the
relative importance of ni, b is bias term.
One deﬁnes the Lagrangian:
L ¼ 1
2
wTwþ c
Xl
i¼1
n2i 
Xl
i¼1
aiðwTxi þ bþ ni  yiÞ ð8Þ
where ai 2 R (i = 1, . . ., l) is Lagrangian multipliers. The conditions for
optimality are given by
@L
@w
¼ w
Xl
i¼1
aixi ¼ 0; @L
@b
¼
Xl
i¼1
ai ¼ 0; @L
@ni
¼ 2cni  ai
¼ 0; @L
@ai
¼ wTxl þ bþ ni  yi ¼ 0 ð9Þ
with i = 1, . . ., l.
After elimination of w, ni, one obtains the solution
0 IT
I Xþ I2c
" #
b
a
 
¼ 0
y
 
ð10Þ
where y = [y1, . . .,yn]T, a = [a1, . . .,an]T, I = [1, . . .,1]T, Xij = (xi  xj),
i, j = 1, . . ., l. The resulting LSSVR model for function estimation
becomes
yðxÞ ¼
Xl
i¼1
aiðxi  xÞ þ b ð11Þ4.2. Regression model for ECEPP parameters optimization
The parameter optimization problem of ECEPP is converted into
a parametric estimation problem of a multiple linear regression
function in Eq. (6). In our experiments, training data is limited in
quantity. In this case, SVR is more suitable to be used in the para-
metric estimation than Neural Networks, Least-Squares Regression
(LSR), and so on. LSSVR simpliﬁes computational complexity of
SVR, and its convergence speed is faster, so we introduce LSSVR
into ECEPP torsion energy parameters optimization. The training
data T is calculated from sample proteins. T = (x1,y1), . . ., (xl,yl),
xi 2 R19, yi 2 R, i = 1, . . ., l. The LSSVR regression model of parameters
optimization is
yðxÞ ¼
Xl
i¼1
aiðxi  xÞ ð12Þ
Which is Eq. (11) without b. ai can be calculated from the following
set of linear equations.
ðx1  x1Þ þ 12c ðx1  x2Þ þ 12c . . . ðx1  xlÞ þ 12c
ðx2  x1Þ þ 12c ðx2  x2Þ þ 12c . . . ðx2  xlÞ þ 12c
..
. ..
. ..
.
ðx1:x1Þ þ 12c ðx1:x2Þ þ 12c . . . ðx1:xlÞ þ 12c
2
6666664
3
7777775
a1
a2
..
.
al
2
66664
3
77775 ¼
y1
y2
..
.
yl
2
66664
3
77775
ð13Þ
Table 1
Description of 12 sample proteins.
PDB code Size Resolution Structure
1I2T 61 1.04 a
1UTG 70 1.34 a
2ERL 40 1 a
1ABA 87 1.45 a/b
1CC8 73 1.02 a + b
1OPD 85 1.5 a + b
1WM3 72 1.2 a + b
2EVB 74 1.55 b
2AYD 76 1.6 b
1FNA 91 1.8 b
1NPS 88 1.8 b
1XAK 83 1.8 b
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U ¼
Xl
i¼1
aixi ð14Þ
The best U can make y = Ux ﬁtting training data T best.
5. Parameters optimization
We chose 12 proteins 1I2T, 1UTG, 2ERL, 1ABA, 1CC8, 1OPD,
1WM3, 2EVB, 2AYD, 1FNA, 1NPS and 1XAK from PDB [14]. They
are described in Table 1. These proteins have different sizesTable 2
Um of ECEPP.
U1 U2 U3 U4 U5 U6 U7 U8 U9
Original 20 0 0 2.7 0.6 1.8 1.8 0 0
Optimized 20 0 0.4 0.6 0.6 2 1.8 0.4 1.2
Fig. 1. Simulated confo(number of amino acids), different folds and different homology
classes as much as possible. They are all high experimental resolu-
tion X-ray structures with resolution of 1.8 Å or better. In order to
improve the accuracy of ECEPP modeling b and a/b proteins, the
number of b and a/b structures is more than the number of a struc-
tures in our samples. In this paper, only atomic coordinates of pro-
teins were extracted, coordinates from other molecules such as
crystal water were neglected.
It is well known that hydrogen atoms are ignored in X-ray pro-
tein structures. Since hydrogen-bond term is included in the ECEPP
energy calculations, we used the subroutines in Simple Molecular
Mechanics for Proteins (SMMP) program package [15] to locate
hydrogen atoms in every sample protein reasonably. Then we re-
wrote and added modules in SMMP to calculate our training data.
There were some redundant data and invalid data involved in the
training set calculated from the 12 sample proteins. After removing
this kind of data, there were still 618 sets of data in the training set,
T = {(x1,y1), . . ., (x618,y618)}. We used MATLAB 6.5 to train the
regression model and got the optimized parameters which are
listed in Table 2 with original parameters. Our computational con-
dition is HP dx2000 ST Celeron CPU 2.53 GHz, 2 G memory.
6. Test of the optimized parameters
We tested the effectiveness of the optimized parameters by
applying them to the folding simulations of two peptides, C-pep-
tide of Ribonuclease A and G-peptide of B1 domain of StreptococcalU10 U11 U12 U13 U14 U15 U16 U17 U18 U19
0 0 0 2 1.5 3.5 8 18 20 15
0 0.4 0.9 1.7 1.6 3.8 8 17.6 19.4 15
rmations of C-pep.
Fig. 2. Simulated conformations of G-pep.
0
2
4
6
8
10
1 3 5 7 9 11 13
residue number
0
2
4
6
8
10
1 3 5 7 9 11 13
residue number
(a) (b)
Fig. 3. The secondary-structure-forming tendencies as functions of residue number
in C-pep with new parameters (dotted curves) and old parameters (solid curves).
Na and Nb stand for the numbers of conformations with a-helix and b-hairpin
structures, respectively.
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Fig. 4. The secondary-structure-forming tendencies as functions of residue number
in G-pep with new parameters (dotted curves) and old parameters (solid curves).
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Lys-Glu-Thr-Ala-Ala-Ala-Lys-Phe-Glu-Arg-Gln-His-Met. C-pep is
known to form an a-helix structure [16]. G-pep has 16 residues
and its amino acid sequence is Gly-Glu-Trp-Thr-Tyr-Asp-Asp-Ala-
Thr-Lys-Thr-Phe-Thr-Val-Thr-Glu, it is a b-hairpin protein
[17,18]. These two peptides have been extensively studied by
experiments and they represent two typical protein structures.
We used SMMP to do the simulations. SA was utilized to simu-
late the folding process of these two protein fragments with new
and old parameters respectively. In our experiments, for SA algo-
rithm the max temperature was 2, cooling rate was 0.9, Markov
Length was 10000. For both peptides, these folding simulations
were repeated 12 times with different initial conformations. At
the same time, we calculated RMSD (only Ca atoms are taken into
account) between the simulated structures with the native X-ray
structures. Lower RMSD means higher quality of parameters. The
12 simulated conformations of C-pep and G-pep are shown in Figs.
1 and 2. The ﬁgures were created with RasTop [19]. The conforma-
tions are ordered in the increasing order of energy.For both peptides, RMSDs were improved. For C-pep, the lowest
RMSDwas 3.621 Å (number 4 in Fig. 1(a)) with old parameters, and
it was 3.186 Å (number 1 in Fig. 1(b)) with new parameters. For G-
pep, the lowest RMSD with old parameters was 7.55 Å (number 1
in Fig. 2(a)), with new parameters it was 7.2 Å (number 5 in
Fig. 2(b)). For C-pep, the numbers of a-helix structures in the 12
simulated conformations with new and old parameters are similar.
For G-pep, the number of b-hairpin structures with optimized
parameters is obviously more than the number with original
parameters. The above information indicates optimized ECEPP
can give more conformations closer to the native structures than
the original ECEPP.
We plotted the number of conformations (out of 12 simulated
conformations) with the secondary structures (a-helix and b-hair-
pin) as functions of residue number in C-pep (Fig. 3) and G-pep
(Fig. 4) respectively. These numbers represent the secondary-
structure-forming tendencies of each residue in the two peptides.
The criteria for the secondary-structure formations are those of
Dictionary of Protein Secondary Structure (DSSP) [20,21].
892 Y. Liu et al. / FEBS Letters 585 (2011) 888–892In Fig. 3, there is an increase in a-helix-forming tendency with
new parameters. This tendency is more consistent with the nature
structure.
The improvement in G-pep is clearly seen in Fig. 4, we see an
increase in b-hairpin-forming tendency in the b-strand regions
and a decrease in a-helix-forming tendency for the optimized
parameters compared with the original ones.7. Conclusions
We proposed a new parameter optimization method based on
LSSVR and put forward the regression model for the optimization
of torsion energy parameters of ECEPP force ﬁeld. In the newmeth-
od, we did not construct a more complicated function based on the
potential function and then do minimization (such as Ref. [5]), but
converted the parameter optimization problem into a parametric
estimation problem of a multiple linear regression function. This
method is more time-saving and has less demand for the computa-
tion ability.
In order to test the quality of optimized parameters, the fold-
ing simulations of a-helix and b-hairpin peptides have been per-
formed with new and old parameters. The results indicated that
the optimized parameters tallied better with proteins’ physico-
chemical experiment structures than the original parameters. It
is convinced that this optimization method can improve ECEPP
force ﬁeld.
In the future, we would optimize other parameters of ECEPP
through this method. There are several classes of parameters in
ECEPP force ﬁeld. We will put forward different models and calcu-
late corresponding training data according to different classes of
parameters, then optimize them by certain order. Actually this
method can also be modiﬁed to be applicable to other force ﬁelds,
and this is also our next work.
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